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Abstract
In many countries of the developing world, it is difficult to conduct large-scale household travel surveys to collect data 
for travel behaviour model estimation and application. This paper focuses on two candidate solutions to the problem: (1) 
developing models that can be applied for prediction using secondary data collected for other purposes and include socio-
demographic information but do not include transport specific information such as the car and/or transit pass ownership (e.g. 
census, public health records, etc.), (2) ‘borrowing’ a model developed using data from a similar city within the same region. 
In the first approach, we investigate the feasibility of developing car trip generation models which imputes the car ownership 
variable with estimated car ownership propensities. The proposed framework is applied in two East African cities, Nairobi 
and Dar-es-Salaam. The estimation results indicate that for both cities the proposed approach outperforms the models that 
exclude the car ownership variable. In the second approach, we investigate the spatial transferability of the models developed 
in the first approach between the two cities to evaluate if it is justified to apply models from one developing country to another 
in the absence of local models. Results indicate that though some of the estimated parameters are not significantly different 
from each other between the two cities, statistical tests do not support direct transferability of all the models from Nairobi 
to Dar-es-Salaam or vice versa. However, interestingly, the simpler model (which excludes car-ownership) outperforms the 
model with imputed car ownership propensity in terms of transferability. These findings provide useful insights into the 
development of trip generation models under data constraints which can practically be very useful for developing countries.
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Introduction

In recent years, developing countries have witnessed speedy 
urbanisation, improvements in living standards and sig-
nificant growths in economic activities. As a consequence, 
there has been a substantial increase in disposable household 
income levels [8] which has led to a significant increase in car 

ownership levels in most of the countries. The increased car 
ownership levels, coupled with increased economic activities, 
have led to an increase in the overall numbers of car trips, 
which has contributed to increased traffic congestion, energy 
consumption, and air pollution, particularly in big cities [10].

Given the important role of the trip generation compo-
nent in transport planning, there has been numerous research 
studies investigating the relative contribution of different 
factors on trip generation [1, 15, 32, 38, 44]. However, these 
studies are conducted in the context of developed countries, 
and the findings as well as the methodologies are not directly 
applicable to developing countries due to substantial differ-
ences in the socio-economic conditions and data issues. Trip 
generation studies in developing countries on the other hand 
are still limited, primarily due to the lack of data for calibrat-
ing and applying the trip generation models. But there are 
often secondary datasets available in developing countries, 
which have detailed socio-demographic information (e.g. 
census, public health records, etc.). However, in most cases 
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they lack car ownership information—which has been found 
to be a critical variable in trip generation models. Although 
there are examples of trip generation models without the car 
ownership explanatory variable in the context of develop-
ing countries (e.g. [42], there is a substantial risk that this 
introduces a strong correlation between the error term of 
the model and the rest of the explanatory variables. Such 
omission can, therefore, lead to endogeneity and bias in the 
estimates [43]. Consequently, it is critical that the relation-
ship between trip generation and car ownership, as well as 
the influence of other exogenous factors, is well represented 
to mitigate the endogeneity problem.

Furthermore, the relationship between car ownership 
and trip generation is more complex than usually presented. 
While ownership of car offers increased flexibility and 
mobility, people with increased mobility needs are likely to 
be more prone to own cars (provided that they can afford). 
This can lead to potential simultaneity between the two deci-
sions and can lead to endogeneity, where an explanatory 
variable (car ownership) is influenced by the dependent 
variable (trip generation) [43]. Where attempts have been 
made to address this issue, it has been hypothesised that 
current car ownership is influenced by trip generation from 
a previous period, reflecting the “learning from experience 
idea” [26]. The development or application of such mod-
els, however, requires panel data, which are difficult to find 
in developing countries since there is rarely any initiative 
to systematically document travel survey records [36]. To 
the best of our knowledge, there has not been any previous 
research that investigates how a robust and dependable trip 
generation model can be developed in the context of devel-
oping countries amid these data limitations.

On the other hand, ‘borrowing’ models from similar set-
tings also hold the promise for overcoming the issues arising 
from the absence of dependable travel behaviour data for 
developing local models. But though there has been substan-
tial research on transferability of models developed for one 
location to another in the context of developed countries (see 
[40] for a detailed synthesis), this has not been investigated 
rigorously in the context of developing countries.

In this research, we address these research gaps in the 
following two ways:

•	 exploring candidate model structures to address the issue 
of unavailability of a key variable in the application con-
text (car ownership in this case);

•	 investigating the spatial transferability of these model 
structures to evaluate if it is justified to apply models 
from one developing country to another in the absence 
of local models.

The models are estimated using household survey data 
collected from two East African cities, Nairobi, Kenya, 

in 2004 [22], and Dar-es-Salaam, Tanzania, in 2007 [23]. 
Given their geographical proximity, similarities in their 
socio-economic structure, and their fairly similar transport 
systems [21], it is expected that there will be some similari-
ties in the travel behaviour of the two cities, which prompts 
us to investigate the spatial transferability of the models 
between the two cities.

In this regard, two different model structures (i.e. one 
sequential and one simultaneous structure) are developed 
and their performances are compared against models where 
all the variables are observed. The spatial transferability of 
each of these model structures is then tested to investigate 
which one is more transferrable to the other city. It may be 
noted that we focus on car trips (as opposed to the total num-
ber of trips) because private cars are the key contributors to 
congestion in both cities [22, 23].

The rest of the paper is arranged as follows: a review of 
literature on trip generation, vehicle ownership models and 
spatial transferability are presented first. This is followed by 
a description of the modelling methodology and the details 
of the data for each city. The empirical findings are pre-
sented next, followed by the key findings and directions for 
future research.

Literature Review

This section briefly reviews literature on trip generation and 
car ownership models and that on spatial transferability of 
models.

Previous Trip Generation and Car Ownership Studies

As mentioned, the positive influence of car ownership on 
trip generation has already been established in previous 
research [1, 15, 32, 38, 44]. Among other factors, house-
hold income has been found to positively influence trip 
generation [15, 26, 32, 38]. Golob [19] explained that the 
positive influence of income on trip generation could be a 
second-order influence derived from the positive influence 
of income on vehicle ownership, which in turn positively 
influences trip generation. It has, however, also been previ-
ously argued that both income and vehicle ownership have 
separate positive influences on trip generation [44]. In regard 
to Wootton and Pick’s findings, it can be argued that car 
ownership depends more on long-term income while trip 
generation expenses often depend more on daily disposable 
income. The other household socio-economic/demographic 
key exogenous factors previously found to affect trip gen-
eration include: household size [1, 12, 15, 38]; age, gender 
and family structure [32]; number of children and students 
[5]; employment-related variables [1, 5, 12, 15]; number of 
driving licence-holding members [5, 12, 32] and aggregate 
variables such as population density [32, 38].
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In the case of car ownership, household income and the 
number of driving licence-holding members have been 
found to have a consistent positive influence on the number 
of cars owned by a household [31]. The other key household 
socio-economic/demographic exogenous factors previously 
considered to affect car ownership include household size, 
number of children, accessibility measures [31]; the number 
of workers in a household [7, 14, 33, 37–39], age and gender 
of the household members [37], and family structure [7, 14, 
33]. Aggregate variables such as population density [24, 38, 
45] and residential density [33, 39] have also been previ-
ously considered as explanatory variables.

Most of the previous studies encountered in this field 
have employed discrete choice methods in estimating car 
ownership [7, 14, 26, 31, 37, 39, 45] and trip generation [1, 
32]. Obviously, there are other studies that have used dif-
ferent techniques such as linear regression [24, 38, 42] and 
structural equations [19, 20], but discrete choice methods 
are more appropriate for this study since they are able to 
represent a decision maker’s choice from a set of discrete 
alternatives, where at least one and only one can be chosen 
at a time [6].

Based on the sample studies above, it is noted that both 
car ownership and trip generation largely depend on similar 
explanatory variables. As earlier mentioned, this points to 
the fact that arbitrary omission of the car ownership vari-
able in trip generation models increases the risk of endo-
geneity due to variable omission [43]. That aside, this is 
also used to our advantage in scenarios where there is lack 
of car ownership data in the application context, without 
needing a new set of explanatory variables. A possible way 
is provided in a study [38] where the influence of vehicle 
ownership is incorporated into a ‘vehicle use model’ using 
a separately estimated vehicle ownership model based on a 
largely similar set of explanatory variables. The setback is 
that this study uses linear regression models which are not 
suitable for developing disaggregate car ownership or car 
trip generation models.

Structures of State‑of‑the‑Art Trip Generation 
and Car Ownership Models

Most previous studies have used discrete choice methods 
for modelling car ownership and trip generation decisions 
due to the discrete nature of the explanatory variables. Dis-
crete choice models can generally be divided into unordered 
response or ordered response models. Depending on the 
nature of the study, previous vehicle ownership studies have 
used both unordered [7, 14, 33, 45] and ordered [7, 29, 31, 
37, 39] response models, while most previous trip generation 
studies have used ordered response models [1, 32].

Although it is possible to use both unordered and 
ordered response models, car ownership level and trip 

generation choices are incremental by nature which makes 
ordered response models more appropriate. Modelling 
these as ordered choices means acknowledging that there 
is a correlation between the alternative choices for each 
case (See [6] for details). With ordered response mod-
els, it is also possible to conduct multivariate analysis for 
cases with more than one dependent variable [35]. This 
has previously been used to jointly model household car 
and motorcycle ownership levels in Asia using bivariate 
ordered response probit (BOP) models [37]. However, to 
the best of our knowledge, no previous study has inves-
tigated the possibility of jointly modelling car ownership 
and car trip generation using the BOP model, and this 
study addresses this research gap among others.

Spatial Transferability of Trip Generation and Car 
Ownership Models

From the onset, we highlight the difference between model 
transfer and transferability, with the former simply being 
an act of transferring models between contexts and the 
latter being the degree of success with which a model esti-
mated for a given context explains behaviour in another 
context [34].

Transferability can be investigated between different 
time periods within the same area (temporal transferabil-
ity) or between different geographical areas (spatial trans-
ferability) or both [1, 9, 17, 40]. Previous studies have 
established that spatial transferability of trip generation 
[1, 11, 34, 41, 42] and car ownership [37] models can 
be reasonably achieved. This is, however, is not always 
the case; for example, in a study [13], satisfactory spatial 
transferability of trip generation was not achieved on an 
account of underlying differences between London and 
Tel-Aviv city structures.

Transferability improves when models are developed 
at a disaggregate level [30]. It has been argued that pref-
erence for disaggregate models is due to the observation 
that they do not depend on unique zone definitions [42]. 
It is, however, difficult to achieve flawless model transfer-
ability and, therefore, the aim usually is to make as much 
improvement in transferability as possible [27].

Various methods have been developed to test model 
transferability and these include the t-ratio for the dif-
ference between parameters [18], the transferability test 
statistic [2, 18], the transfer index [28], and the transfer 
rho-square [18]. By and large, of the methods presented 
above, the transferability index seems to be the most effec-
tive measure for ranking the transferability of alternative 
model structures based on how close the calculated indices 
are to one. This is discussed further in “Evaluating Spatial 
Transferability”.
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Methodology

Based on the review of literature (“Structures of State-of-
the-Art Trip Generation and Car Ownership Models”), we 
use ordered response models which assume that every indi-
vidual has latent car ownership and trip making propensities 
which are functions of their demographics. These propensi-
ties are then converted to discrete car ownership levels and 
trips using estimated cut-off points.

Model Structures

The model system consists of two submodels, one for car 
ownership, and the other for trip generation.

Car ownership submodel:

Trip generation submodel:

where y∗
1n

 and y∗
2n

 are the car ownership and trip generation 
propensities, respectively, for household n ; x1n and x2n are 
vectors of the car ownership and trip generation explana-
tory variables, while �1 and �2 are the respective parameter 
vectors. y1n is the observed car ownership for n , which is 
different from y∗

1n
 , the estimated car ownership propensity. 

y2n denotes the observed car trips for n . The corresponding 
parameters � and � are mutually exclusive depending on the 
model being estimated as described in the next paragraph. 
The � s are the threshold parameters.

The three models estimated below are expressed as spe-
cial cases of the two submodels.

Base model This model is applicable for the case where 
car ownership data are available, and the number of cars 
owned ( y1n ) is directly used as an explanatory variable. 
Hence, in the model formulation, Eqs. (1c) and (1d) are 
used and, � is estimated, but � is fixed to zero. A variation 
of the model without the car-ownership variable has been 
tested as well.

Sequential model This model accounts for situations 
where car ownership data are available in the estimation 
context but missing in the application context, and attempts 

(1a)y∗
1n

= ��

1
x1n + �1n,

(1b)y1n =

⎧⎪⎨⎪⎩

0 if y∗
1n

≤ 𝜇1,0,

1 if 𝜇1,0 < y∗
1n

≤ 𝜇1,1,

2 if 𝜇1,1 < y∗
1n

≤ 𝜇1,2,

3+ if 𝜇1,2 < y∗
1n
.

(1c)y∗
2n

= ��

2
x2n + �y1n + �y∗

1n
+ �2n,

(1d)y2n =

⎧⎪⎨⎪⎩

0 if y∗
2n

≤ 𝜇2,0,

1 if 𝜇2,0 < y∗
2n

≤ 𝜇2,1,

2 if 𝜇2,1 < y∗
2n

≤ 𝜇2,2,

3+ if 𝜇2,2 < y∗
2n
,

to address this issue using the estimated car ownership pro-
pensity.1 In this formulation, the car ownership submodel 
(Eqs. (1a) and (1b)) is estimated followed by the trip genera-
tion submodel (Eqs. (1c) and (1d)). The car ownership pro-
pensity y∗

1n
 is derived from the car ownership submodel y∗

1n
 

and utilised in the trip generation submodel; � is estimated, 
and � is fixed to zero.

For the base and the sequential models, the car ownership 
and the trip generation probabilities can be estimated using 
the ordered response probit model as follows:

where �(⋅) is a standard normal cumulative distribution 
function, and Pn,ya

 is the probability of household n falling 
in category ya ; a = 1 for the car ownership submodel, and 2 
for the trip generation submodel.

The models are estimated using the maximum likeli-
hood estimator. Equation (2b) presents the log-likelihood 
function:

where Zn,ya = 1 if and only when household n is in category 
ya and 0 otherwise. It may be noted that for the base model, 
we only estimate the trip generation submodel, while for the 
sequential model, we sequentially estimate the car ownership 
and the trip generation submodels.

Simultaneous model In this model, the car ownership and 
the trip generation submodels are estimated jointly. This 
model thus attempts to address the simultaneity problem 
between car ownership and trip generation, as well as car 
ownership data shortages in the application context. Here 
again, the car ownership propensity y∗

1n
 is calculated in the 

car ownership submodel and utilised in the trip generation 
submodel, where � is estimated, and � is fixed to zero. How-
ever, the car ownership and the trip generation probabilities 
are jointly estimated using the bivariate ordered response 
probit model as follows [35]:

(2a)Pn,ya
= �

(
�a,ya

− y∗
an

)
−�

(
�a,ya−1

− y∗
an

)
,

(2b)LL =

N∑
n=1

Ya∑
ya

Zn,ya × ln(Pn,ya
),

(2c)

Pn,y1y2
= �

(
�1,y1

− y∗
1n
,
(
�2,y2

− y∗
2n

)
� , p̃

)

−�2

(
�1,y1−1

− y∗
1n
,
(
�2,y2

− y∗
2n

)
� , p̃

)

−�2

(
�1,y1

− y∗
1n
,
(
�2,y2−1

− y∗
2n

)
� , p̃

)

+�2

(
�1,y1−1

− y∗
1n
,
(
�2,y2−1

− y∗
2n

)
� , p̃

)
,

1  Availability of car ownership data in estimation context is less of 
a concern, since researchers can ensure that the car ownership field 
is included in the survey during primary data collection. However, 
the information is typically not collected during census or wide-scale 
data collection.
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where Pn,y1y2
 is the probability of household n owning y1 cars 

and making y2 car trips, �2 a bivariate standard normal 
cumulative distr ibution function, �̃ = �(� + corr) , 
� =

1√
1+2⋅�⋅corr+�2

 , and corr is the correlation between �1n and 
�2n.

Equation (2d) presents the log-likelihood functions for the 
simultaneous model [35]:

where Zn,y1y2 = 1 if and only when household n owns y1 cars 
and makes y2 car trips, otherwise it is equal to zero.

An important point worth noting is that for the sequential 
estimation, only the deterministic component of car ownership 
propensity is entered in the trip generation model (and used in 
subsequent forecasting), while for the simultaneous estimation, 
both the deterministic and the stochastic components of the 
variable contribute to the model used for forecasting.

Evaluating Spatial Transferability

Three model structures have been specified starting with the 
base model (the simplest of all), followed by the more complex 
sequential and simultaneous model structures. Although it is 
generally assumed that better specified models tend to be more 
transferrable, this needs to be investigated using the available 
transferability metrics as it is difficult to assess this from the 
model specifications alone.

Spatial transferability of the individual parameters is 
checked by testing whether or not there is a significant differ-
ence between the parameter estimates of equivalent variables 
in the two cities (Eq. 3a) [18]. Minimum and maximum t-ratio 
values of − 1.96 and 1.96 corresponding to the 95% confidence 
interval are taken as the critical values:

where �̂trans,k and �̂appl,k are the estimates for the k th param-
eter in the transferred and application areas, ttrans,k and tappl,k 
the respective t ratios of the parameter estimates, and tdiff,k is 
the t-ratio for the difference between parameters.

Global measures of model transferability are also obtained 
using the transferability index (TI) (Eq. 3b) [28]:

(2d)LL =

N∑
n=1

Y2∑
y2=0

Y1∑
y1=0

Zn,y1y2 ln(Pn,y1y2
),

(3a)
tdiff,k =

�̂trans,k − �̂appl,k√(
�̂trans,k

ttrans,k

)2

+

(
�̂appl,k

tappl,k

)2

,

(3b)TI =
LLappl(�̂trans) − LLappl(C)

LLappl(�̂appl) − LLappl(C)
,

where LLappl(�̂trans) is the log-likelihood on the applica-
tion context data with transferred context parameters, 
LLappl(�̂appl) the log-likelihood on the application context 
data with application context parameters, and LLappl(C) is 
the log-likelihood of the application context model with 
constants only.

A TI value of one indicates perfect transferability, while 
a value of zero indicates complete non-transferability. This 
metric is suitable for comparing the transferability of alter-
native model structures; however, there is no specific lower 
limit to judge whether the reported transferability is good 
or not. Equation 3b means that a higher LLappl(�̂trans) always 
results in a higher TI.

Data

The data used for this study were collected from the cit-
ies of Nairobi (Kenya) and Dar-es-Salaam (Tanzania) in 
2004 and 2007, respectively. Figure 1 shows the study area 
locations.

The surveys were conducted by face to face interviews 
of household members aged 5 years and above (in Nairobi) 
and 6 years and above (in Dar-es-Salaam). A total number 

Fig. 1   Study area locations Source: http://www.unima​-usa.org/

http://www.unima-usa.org/
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of 8588 and 7676 valid household observations were made 
in Nairobi and Dar-es-Salaam representing sampling rates 
of approximately 1.3% and 1.1%, respectively. Table 1 pre-
sents a brief description of the data while Fig. 2 presents 
variation of household car trip generation rates with key 
household descriptors. Though the trends are not identical, 
in general, the possibility of households making increased 
numbers of car trips increases with household car owner-
ship, household income, the number of licence holders and 
the number of workers in both cities (Fig. 2a–d). From 
Fig. 2a in particular, it may be noted that there is a small 
proportion of households that reported that they do not own 
a car and yet had car trip origins. This could be because 
they had access to office cars for work (and for private 
usage as well in some cases) which are not reported in the 
numbers of cars owned. These trends are all in agreement 
with intuitive reasoning. A high number of cars owned are 
likely to increase the possibility of car use. High income 
is expected to be highly correlated with high disposable 
income for spending on private car travel. A high number 
of driving licence holders would most likely increase the 

possibility of the available cars being driven. High num-
bers of workers in a household are likely to lead to increase 
household travel activity in general and possibly car trip 
generation rates in particular. The other explanatory vari-
ables considered to be important are household size and 
house ownership.

Apart from private car trips, the mode share of walk-
ing trips is approximately equal to that of public transport, 
which is largely under private control in both cities [22]. 
Public transport in Nairobi comprises of both large buses 
and minibuses (matatus), while that in Dar-es-Salaam 
largely comprises of minibuses; however, both cities had no 
option for rail transport at the time of data collection.

Although public transport is privately controlled, there 
is a fare setting procedure for large buses and minibuses in 
both cities, which is managed by transport operator associa-
tions [21]. However, public transport operations are largely 
flexible, with no adherence to departure timetables, which 
could be one of the issues discouraging high-income indi-
viduals from using public transport in both cities.

Table 1   Brief description of the data

Nairobi (Kenya) Dar-es-Salaam (Tanzania)

Survey period 2004 2007
Population (million) 2.7 (in 2004) 3.0 (in 2007)
Survey area (km2) 696 1687
Population density (persons/km2) 3817 (in 2004) 1796 (in 2007)
Total number of households in the survey area (‘000) 650 (in 2004) 708 (in 2007)
Number of households surveyed 8588 7676
Number of traffic analysis zones (TAZ) 104 164
Survey region Nairobi city Dar-es-salaam city
Survey lead by Japan International Cooperation Agency (JICA) Japan International Coop-

eration Agency (JICA)
House ownership (%)
 Yes 8.80 52.80
 No 91.20 47.20

Household car ownership (%)
 0 79.19 94.12
 1 14.72 5.51
 2 4.40 0.33
 3+ 1.69 0.04

Mean SD Mean SD

Household income in USD 385.80 377.20 110.87 194.85
Household size 3.33 1.65 4.40 1.83
Number of workers per household 1.51 0.79 1.24 0.80
Driving licence holders per household 0.60 0.84 0.43 1.04
Number of children per household 0.70 0.87 0.93 0.94
Number of students per household 0.61 0.86 1.02 1.07
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Fig. 2   Distribution of household car trip rates with key household descriptors
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Results

Estimation Results

The estimates and the summary statistics for all the three 
model structures are presented in Tables 2 and 3, respec-
tively. In addition to the three models, we estimated the base 
model (without the car ownership variable) for comparison 
purposes. The summary statistics of these models are pre-
sented in Table 3.

Positive parameter estimates imply that an increase in 
any of these explanatory variables increases the propensity 
of household car trip generation or ownership, while the 
reverse is true for negative parameter estimates. The same 
interpretation applies to the relative parameter magnitudes 
of the dummies associated with the same explanatory vari-
able. For all the three models, most of the parameter signs 
and relative magnitudes are in agreement with intuitive rea-
soning. One of the exceptions is parameters associated with 
the number of workers per household in the car ownership 
submodels of the sequential and the simultaneous models in 
both cities, indicating that households with more working 
members sometimes have fewer cars. The reason for this 
unusual behaviour needs further investigation; however, a 
possible interpretation is that household income is much 
more important and the total number of working members 
may include low-income workers (who do not contribute to 
the car ownership). The other exceptions relate to the rela-
tive magnitudes of parameters associated with the number of 
workers per household (for the trip generation submodel of 
the sequential model in Dar-es-Salaam), and the number of 
cars owned per household (for the base model in both cities). 
The estimates do not have a monotonically increasing trend 
with respect to the number of workers or cars owned. How-
ever, this problem is not found in the simultaneous model, 
thereby supporting its theoretical superiority.

The scalar quantity ‘lambda’ in the sequential and the 
simultaneous models, which relates the household car own-
ership propensity to household car trip rates, is positive as 
expected. However, it is noted that whereas ‘lambda’ is sig-
nificant in Nairobi, it is insignificant in Dar-es-Salaam. One 
interpretation is the poorer model fit of the car ownership 
submodel in Dar-es-Salaam, due in part to more unevenly 
distributed car ownership such as extremely larger share of 0 
car household (see Table 1). However, it is good to keep this 
since this is a key variable in the present research. Similarly, 
the correlation parameter (corr) in the simultaneous model 
is positive in both cities, signifying a positive correlation 
between household car ownership propensity and household 
car trip generation as expected.

For model comparison in terms of the measures of fit, we 
separately analyse the car ownership and the trip generation 

submodels since some model structures have both sub-
models, while others do not. For the sequential model, 
the convergence log-likelihoods of the two submodels are 
determined in a straightforward manner; however, for the 
simultaneous model, which reports the joint car ownership/
trip generation probabilities, the convergence log-likelihoods 
of the different submodels need to be computed outside the 
estimation process. To do this, we sum the joint car owner-
ship/trip generation probabilities along the number of trip 
dimensions (for the trip generation submodel), and along the 
number of car dimensions (for the car ownership submodel). 
For example, to obtain the probability of making 0 trips, 
we sum the joint probabilities of (0 cars, 0 trips), (1 car, 0 
trips), (2 cars, 0 trips) and (3+ cars, 0 trips), while to obtain 
the probability of owning 0 cars, we sum the joint prob-
abilities of (0 cars, 0 trips), (0 cars, 1 trip), (0 cars, 2 trips) 
and (0 cars, 3+ trips). We then apply these unconditional 
probabilities to the appropriate version of the log-likelihood 
function in Eq. (2b).

A comparison of the trip generation submodels in terms 
of the adjusted rho-square values shows that the sequential 
and the simultaneous models perform worse than the base 
model containing the observed car ownership variable. This 
is because the base model uses actual car ownership levels 
which are not subject to estimation errors such as the latent 
car ownership propensities in the sequential and the simul-
taneous models. This might also relate to the discrete nature 
of the relationship between car ownership and usage. The 
dummy coding in the base model shows that the difference 
in the parameter estimates between 0 and 1 car(s) owned is 
much higher than those between 1 and 3+ car(s). This sug-
gests that although people might use company cars or used 
cars as passengers, households without cars are likely to 
use cars less frequently. A dummy coding used in the base 
model is appropriate to express this, but a continuous vari-
able expressed by latent propensity to car ownership is less 
suitable in this regard. However, both the sequential and the 
simultaneous models outperform a version of the base model 
where the car ownership variable is totally excluded, espe-
cially in Nairobi where the differences in the convergence 
log-likelihoods are more pronounced. This signifies that the 
inclusion of latent car ownership propensity is better than 
total exclusion of the car ownership variable.

A comparison of the sequential and the simultaneous 
models shows that the performance of simultaneous models 
is a little worse than that of the sequential model for both 
the car ownership and the trip generation submodels. One 
explanation for this is the very low statistical significance of 
the correlation term (corr) in both cities (see the simultane-
ous model results in Table 2), which points to the possibility 
that accounting for simultaneity is not critical for the study 
area; however, further investigation is needed using panel 
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data, where households are investigated over a given period 
of time as this would reveal more behavioural aspects of the 
car ownership/trip generation relationship.

Evaluation of Spatial Transferability

The parameter signs for each of the three models are similar 
across both cities which is an indication of similarities in 
car ownership and trip generation behaviour. Analysis of the 
t-statistics for the difference between parameters (headed by 
‘t-stat. diff’ in Table 2) reveals that most of the parameter 
estimates for all the three models have insignificant differ-
ences in magnitude which indicates that they are individu-
ally transferrable between the two cities. It is noted that the 
monthly household income parameter is the least transfer-
able potentially due to difficulties in categorising the income 
data for the two cities into equivalent income groups which 
lead to the use of a continuous income variable.

In terms of the overall spatial transferability, Table 4 pre-
sents the transferability indices for all the estimated mod-
els. Transferability is tested in both directions by applying 
the Nairobi parameters to the Dar-es-Salaam data (column 
headed by ‘application to Dar-es-Salaam’) and by applying 
the Dar-es-Salaam parameters to the Nairobi data (column 
headed by ‘application to Nairobi’). For each direction, we 
compare the likelihood ratio of the transferred and the local 
model with respect to local model having constants only 
using the transferability index (TI) (see Eq. (3b)). A higher 
TI indicates higher transferability.

With respect to the trip generation submodel, the base 
models (both with and without the car ownership variable) 
produce the highest TI values (the highest LL values with 
transferred parameters; see Eq. 3b) in both directions com-
pared to the rest of the models. The higher transferability of 
the base models might relate to their simple model structure, 
which only relies on the observed variables. On the other 
hand, the sequential and the simultaneous models, which 
contain a variable that is already subject to estimation errors 
in the local context (i.e. the car ownership propensity) are 
likely to perform even worse when transferred as expected.2

The critical point now is the trade-off between local model 
performance and spatial transferability, when faced with pos-
sible data limitations in the application context. In this study, 
we see that although exclusion of the car ownership variable 
from the base model structure leads to poor performance 
in the local context, when compared to models using the 

Table 4   Transferability indices

Model struc-
ture

Model/sub-
model

Application to Dar-es-Salaam Application to Nairobi

LL(F) trans-
ferred from 
Nairobi

LL(F) Dar-es-
Salaam

LL(C ) Dar-
es-Salaam

TI LL(F) 
transferred 
from Dar-es-
Salaam

LL(F) Nai-
robi

LL(C ) Nai-
robi

TI

Base model 
(with the car 
ownership 
variable)

Joint model – – – – – – – –
Car ownership – – – – – – – –
Trip genera-

tion
− 1209.24 − 946.41 − 1543.36 0.5597 − 4409.45 − 3369.59 − 6030.70 0.6092

Base model 
(without 
the car 
ownership 
variable)

Joint model – – – – – – – –
Car ownership – – – – – – – –
Trip genera-

tion
− 1422.41 − 1107.14 − 1543.36 0.2773 − 5129.35 − 3741.25 − 6030.70 0.3937

Sequential 
model

Joint model – – – – – – – –
Car ownership − 1362.04 − 1140.11 − 1830.26 0.6784 − 4773.49 − 3356.55 − 5780.96 0.4156
Trip genera-

tion
− 1433.75 − 1105.90 − 1543.36 0.2506 − 5207.48 − 3728.90 − 6030.70 0.3576

Simultaneous 
model

Joint model − 2584.40 − 2108.49 − 3373.62 0.6238 − 9142.53 − 6797.81 − 11811.66 0.5324
Car ownership − 1358.05 − 1141.01 − 1830.26 0.6851 − 4688.18 − 3360.70 − 5780.96 0.4515
Trip genera-

tion
− 1430.19 − 1106.71 − 1543.36 0.2592 − 5201.23 − 3729.85 − 6030.70 0.3605

2  Model specification is largely driven by the characteristics of the 
estimation dataset. Therefore, though on one hand, it is expected that 
better specified models will be more transferrable (as reported by [4, 
17, 25]), there is risk that the model with better specification is actu-
ally overfitting the estimation data. If the latter is true, the transfer-
ability results will not be better compared to a simpler model where 
there is less risk of overfitting (as reported by [3]. Further, the simpler 
specification can indeed score better in the tests because of less num-
ber of parameters (and less differences in likelihood values between 
the estimation and application context models). Given these inherent 
complexities, we believe it is not possible to provide a detailed con-
ceptual or theoretical guidance on the optimum model specification 
based on our empirical findings.
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estimated car ownership propensity (i.e. the sequential and 
the simultaneous models. See Table 3), the base model with-
out the car ownership variable is more spatially transferra-
ble. This might relate to the choice of explanatory variables. 
Explanatory variables in the car trip generation submodel 
(except the car ownership variable) are also included in the 
car ownership submodel. The contribution of car ownership 
propensity in the car trip generation submodel consists of 
these explanatory variables and the other variables included 
only in the car ownership submodel. If the contribution from 
the other variables is limited, the base model (without the 
car ownership variable) might work as a reduced form of the 
sequential and simultaneous models.

Therefore, for situations where data shortages of particular 
variables are expected in a different geographical area, and 
yet the spatial transferability of the models is an important 
issue, it may be better to develop models excluding those 
particular variables, although this comes at a risk of endoge-
neity due to variable omission. At this point, it is also worth 
noting that although the complex model structures have been 
found to be the least transferrable, the better transferability 
of the simultaneous model over the sequential model implies 
that although the correlation term was not statistically sig-
nificant (see Table 2), the superior correlation structure of 
the model makes it more transferrable. Alluding to earlier, 
better specification of the car ownership submodel could lead 
to different conclusions on the transferability of the complex 
model structures and needs to be investigated further using 
alternative datasets with more explanatory variables.

Policy Implications and Concluding Remarks

This study has investigated the feasibility of different model 
structures aimed at addressing the issue of unavailability of 
data on a key variable in the application context.

The key findings together with their policy implications 
are as follows.

•	 The inclusion of latent variables as a proxy for the miss-
ing variables is better than total exclusion of the vari-
ables with respect to model fit to the estimation dataset. 
Models considering endogeneity and simultaneity have 
stronger theoretical underpinning which is supported by 
the better goodness-of-fit with the data. In addition, the 
simultaneous model produced intuitive estimates as men-
tioned in “Estimation Results”.

•	 The similarity in travel behaviour across different cit-
ies within the same region (as assessed from the statisti-
cally insignificant differences in the parameter values) 
is encouraging, and shows that we should not rule out 
the possibility of transferring the models between the 
cities. In this particular study, we note that while there 

is a high risk of endogeneity due to omission of the car 
ownership variable in both cities, the benefits accrued 
from the spatial transferability of models excluding the 
car ownership variable overrides the need to address this 
limitation through complex model structures. There is a 
need for further investigations using alternative datasets 
with more explanatory variables to examine if this find-
ing can be generalised.

The results of the current models, however, show some 
minor inconsistencies with intuitive reasoning in terms of 
the relative parameter magnitudes of some variables, which 
are an important topic of future research to ascertain the 
unique characteristics of the study areas. Also, our com-
parison between the sequential and the simultaneous mod-
els indicates that accounting for the simultaneity between 
car ownership and trip generation is not critical for the two 
cities; however, further investigation is needed (potentially 
using panel data) to see if this finding can be generalised 
across other cities of the developing world. Further, in this 
case, car ownership information has been assumed to be 
available for model estimation and unavailable in the appli-
cation context. However, in more limiting situations, such 
information may be completely unavailable, which may 
necessitate the development of hybrid models as a possible 
direction of future research. Last, in the present study, we 
use the same model specifications in all three cases for the 
sake of comparability. It is, therefore, not possible to provide 
a detailed conceptual or theoretical guidance on the opti-
mum model specification based on our empirical findings. 
This can be a topic of future research where the effect of 
model specification on transferability is investigated using a 
larger number of datasets with varying characteristics. It will 
be also interesting to investigate methods to increase spatial 
transferability of the models by methods such as Bayesian 
updating and joint context estimation (e.g. [16]).
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